Alzheimer's disease has a long preclinical phase during which amyloid pathology and neurodegeneration accumulate in the brain without producing overt cognitive deficits. It is currently unclear whether these early disease stages are associated with a progressive disruption in the communication between brain regions that subsequently leads to cognitive decline and dementia. In this study we assessed the organization of structural networks in cognitively normal (CN) individuals harboring amyloid pathology (A+N−), neurodegeneration (A−N+), or both (A+N+) from the prospective and longitudinal Swedish BioFINDER study. We combined graph theory with diffusion tensor imaging to investigate integration, segregation, and centrality measures in the brain connectome in the previous groups. At baseline, our findings revealed a disrupted network topology characterized by longer paths, lower efficiency, increased clustering and modularity in CN A−N+ and CN A+N+, but not in CN A+N−. After 2 years, CN A+N+ showed significant abnormalities in all global network measures, whereas CN A−N+ only showed abnormalities in the global efficiency. Network connectivity and organization were associated with memory in CN A+N+ individuals. Altogether, our findings suggest that amyloid pathology is not sufficient to disrupt structural network topology, whereas neurodegeneration is.
Introduction
Alzheimer's disease (AD) remains one of the most feared consequences of aging, being the only leading cause of death for which no disease-modifying treatment is available (Sperling et al. 2011) . Although the initiating event of AD is thought to be the aggregation of amyloid β (Aβ), clinical trials targeting amyloid accumulation have not produced clinical benefits, despite some evidence of Aβ clearance. These disappointing results suggest that perhaps the pathological mechanisms are being targeted at the wrong stage of the disease, when it is too late to reverse any neurodegenerative processes or halt disease progression. Indeed, there is increasing evidence showing that the pathological changes in AD begin well before clinical symptoms by several years to decades (Villemagne et al. 2013; Vos et al. 2013 ). Hence, a better understanding of this preclinical period is crucial to identify early signs of the disease and treat it successfully.
Recently, a model describing the temporal evolution of the pathological processes occurring in the preclinical period of AD has been proposed . This model offers a framework for in vivo staging based on 2 major categories of biomarkers: measures of Aβ deposition and measures of neurodegeneration. These biomarkers become abnormal in a temporally ordered manner, with Aβ measures changing the earliest followed by neurodegeneration . Hence, the clinical symptoms of AD are just the final manifestation of a long-standing disease process during which multiple pathological changes take place in the brain.
Imaging techniques offer an invaluable tool to assess brain pathology in vivo. In particular, brain connectivity measures are thought to represent reliable biomarkers that reflect downstream cognitive deficits and upstream neuronal dysfunction and disease spread (Seeley et al. 2009; Raj et al. 2012) . There is increasing evidence suggesting that clinical symptoms in AD may arise from alterations in the communication between anatomically and functionally connected brain areas. This hypothesis of AD as a disconnection syndrome involves progressive abnormalities that begin at the synaptic level and ultimately result in white matter integrity loss and degeneration (Selkoe 2002; Delbeuck et al. 2003) .
The integrity of the white matter connections of the brain can be assessed using diffusion tensor imaging (DTI). This technique measures the diffusion of water molecules, revealing details about the microstructural organization of the white matter fibers (Mori and Zhang 2006) . By extracting the principal eigenvector of the diffusion tensor, the orientation of the white matter fibers can be inferred using whole-brain tractography (Basser et al. 1994 ). Different DTI metrics can then be extracted from these tracts such as the fractional anisotropy (FA), which becomes altered in the presence of axonal loss, Wallerian degeneration and demyelination (Buki and Povlishock 2006) .
Graph theory is a powerful framework that allows representing the brain as a complex network of interacting elements, the so-called connectome (Bullmore and Sporns 2009 ). The application of graph theory to DTI offers a unique insight into the structural architecture of the brain by providing a rich array of topological metrics that assess integration, segregation, and centrality. There is growing evidence showing that the healthy brain connectome is organized according to a highly efficient network topology, combining a high level of segregation with a high level of integration (Bullmore and Bassett 2011) . These network properties have been found to be impaired in AD, supporting the hypothesis that white matter degeneration alters the structural connectivity pattern in these patients (Lo et al. 2010) . To this date, it is largely unknown whether these topological abnormalities emerge during the preclinical stages of AD. In particular, it is not clear whether individuals harboring Aβ pathology, neurodegeneration, or both exhibit a disrupted network organization. In addition, to our knowledge, no studies have assessed white matter network organization over time in cognitively normal (CN) individuals with a high risk of developing AD.
Hence, the aim of the current study is to determine whether amyloid and neurodegeneration markers impair the topological organization of structural networks in cognitively normal individuals at baseline and after 2 years. We sought to determine whether these topological abnormalities are associated with individual clinical variables and whether they can be used to characterize subjects with abnormal biomarkers who might have a higher risk of developing AD.
Materials and Methods

Subjects
The subjects included in the current study were selected from the prospective and longitudinal Swedish BioFINDER study (http://biofinder.se/). The main goals of BioFINDER are to improve early diagnosis, investigate clinical heterogeneity, establish the temporal evolution and examine the underlying disease mechanisms of AD and other neurodegenerative disorders. We included healthy elderly individuals from BioFINDER, who were assessed between 2010 and 2016, following a standardized protocol. This protocol included neurological, psychiatric and cognitive assessments using, for example, the mini-mental state examination (MMSE), 10-word list delayed recall (Alzheimer's disease assessment scale cognitive battery, ADAS-cog) and a quick test of cognitive speed (AQT) (Wiig et al. 2002) . Healthy elderly participants were included if they 1) were aged ≥60 years old, 2) scored 26-30 points on the MMSE at the screening visit, and 3) were fluent in Swedish. Exclusion criteria included presence of significant neurologic disease, severe psychiatric disease, dementia, or mild cognitive impairment.
In this study, only subjects that underwent lumbar puncture and had a high-resolution T1-weighted and DTI scans were included. These subjects were classified into one of the following groups based on amyloid and neurodegeneration biomarkers: 1) normal cerebrospinal fluid (CSF) Aβ 42 levels and normal AD neurodegeneration signature (A−N−), 2) abnormal CSF Aβ 42 and normal AD neurodegeneration signature (A+N−), 3) normal CSF Aβ 42 and abnormal AD neurodegeneration signature (A−N+), and 4) abnormal CSF Aβ 42 and abnormal AD neurodegeneration signature (A+N+). CSF Aβ 42 levels were considered abnormal if ≤530 ng/L (Hansson et al. 2006) . The AD neurodegeneration signature was calculated using 2 different neuroanatomical biomarkers to reduce the potential risk of misclassification. One of these biomarkers consisted of the average cortical thickness of the following regions of interest provided by FreeSurfer (version 6.0): entorhinal, inferior temporal, middle temporal, and fusiform. These regions were selected based on a previous study showing that they maximized the differences between cognitively normal individuals without amyloid pathology and patients with mild cognitive impairment or AD with amyloid pathology (Jack et al. 2015) . This cortical thickness marker has been successfully applied in several studies to classify cognitively normal, MCI and AD subjects into different groups with and without AD neurodegeneration (N+/N−) (Knopman et al. 2016; Jack et al. 2016a Jack et al. , 2016b Jack et al. , 2017 , being useful to compare findings across different studies. The other neuroanatomical marker consisted of the average hippocampal volumes adjusted by intracranial volume, also provided by FreeSurfer (version 6.0). Temporal cortical thickness and hippocampal volumes were considered abnormal if <2.66 mm and 4194.1 cm 3 , respectively, which corresponded to the 90th percentile of a group of 48 AD patients from BioFINDER (Supplementary Table 1 ). This classification procedure was established by Jack et al. (2012) as an operational approach to the National Institute on Aging-Alzheimer's Association Criteria (NIAAC) for Preclinical Alzheimer Disease. It was proposed as an alternative method for studies that lack an autopsy-confirmed sample with antemortem 3T MRI and amyloid levels but want to assess the presence of AD neurodegeneration in preclinical individuals. This approach creates cutpoints such that a majority of clinically-defined AD dementia patients are deemed abnormal and has been used by several studies (Knopman et al. 2016; Jack et al. 2016a Jack et al. , 2016b Jack et al. , 2017 ). In the current study, only subjects with abnormal temporal thickness and abnormal hippocampal volumes were classified as N+. Written informed consent was obtained from all subjects participating in this study and the regional Ethics Committee in Lund approved all protocols.
CSF Collection and Analysis
The procedure and analysis of CSF was performed in all subjects according to the Alzheimer's Association Flow Chart for CSF biomarkers (Blennow et al. 2010) . CSF samples were collected at baseline and stored in 1 mL polypropylene tubes at −80°C. Analyses were carried out simultaneously at a single center using 2 different ELISAs: CSF Aβ 42 and tau phosphorylated at Thr 181 (P-tau) were analyzed with INNOTEST (IT) ELISAs (Fujirebio Europe, Ghent, Belgium) (Vandermeeren et al. 1993) , whereas CSF T-tau was analyzed using EUROIMMUN ( EI ) ELISAs (EUROIMMUN AG, Lubeck, Germany).
Image Acquisition
All participants were scanned on a 3T Siemens Trio Tim scanner (Munich, Germany) at Skåne University Hospital, Sweden. The imaging protocol included: 1) a diffusion-weighted scan acquired with 64 diffusion-weighted directions at a b value of 1000 s/mm 2 using an echo-planar imaging sequence (65 axial slices; TR = 8200 ms; TE = 86 ms; slice thickness = 2 mm; no inter-slice gap; matrix size = 128 × 128; voxel size = 2 × 2 × 2 mm 3 ); and 2) a high-resolution T1-weighted scan acquired with a magnetization-prepared rapid acquisition gradient echo sequence (176 slices; repetition time (TR) = 1950-2000 ms; echo time (TE) = 3.37 ms; inversion time (IT) = 900 ms; flip angle (FA) = 9°; voxel size = 0.97 × 0.97 × 1.2 mm 3 ).
Image Preprocessing
Diffusion-weighted images were analyzed using the FMRIB's Diffusion Toolbox from FSL (Behrens et al. 2007 ). First, the data was corrected for distortions caused by eddy currents and head motion using the b0 non-diffusion data as a reference volume (Andersson and Skare 2002) . The resulting images were skull-striped and a diffusion tensor model was fitted at each voxel to determine the preferred diffusion direction as the principal eigenvector of the eigenvalue decomposition (Pierpaoli and Basser 1996; Song et al. 2002) . To provide information on the microstructural organization of white matter, for each voxel the FA was computed (Beaulieu and Allen 1994) . Then, whole-brain deterministic tractography was applied to reconstruct white matter tracts using the fiber assignment continuous tracking (FACT) algorithm Xue et al. 1999 ). The reconstruction of fibers was terminated when the angle of the principal diffusion direction between 2 adjacent voxels was greater than 45°or when a voxel with a FA value <0.2 was reached. To assess the integrity of the fibers, each reconstructed fiber tract was assigned the average FA values of the crossed voxels. To assess whether major white matter tracts were present across all subjects, we calculated the number of fibbers in the corpus callosum, cingulum, superior longitudinal fasciculus, inferior fronto-occipital fasciculus, inferior longitudinal fasciculus, anterior thalamic radiation and uncinate fasciculus in each individual. Our results showed that these tracts were present in all the subjects included in this study (Supplementary Table 2 ).
The T1-weighted images were analyzed using FreeSurfer (version 6.0; http://freesurfer.net/) through our database system (theHiveDB, Muehlboeck et al. 2014) . The brain of each individual was parcellated into 68 cortical regions of the Desikan atlas (Desikan et al. 2006 ) in addition to the following subcortical regions for each hemisphere (Fischl et al. 2002) : hippocampus, amygdala, thalamus, caudate, putamen, pallidum, and accumbens. To corregister these regions to the DTI space for the graph theory analyses, we first used an affine transformation to warp the individual FA maps to their corresponding parcellated T1-weighted images, which, in turn, were nonlinearly registered to the ICBM152 template. The result of this 2-step registration was used to apply an inverse transformation from the standard space to the individual FA space. We also carried out these analyses using the automated anatomical labeling (AAL) atlas (Tzourio-Mazoyer et al. 2002) to assess whether our global network results were consistent across different parcellations (Supplementary Material).
Network Construction
In graph theory analyses, the brain is represented as a graph, where the nodes correspond to brain regions and the edges are the connections between them. We defined the nodes as the 82 regions provided by FreeSurfer (68 cortical + 14 subcortical) and the edges as the white matter fibers linking these regions. For each subject, an individual structural 82 × 82 weighted connectivity matrix was built. In this matrix, the rows and columns corresponded to the brain regions and the entries were the average FA values extracted from all the fibers connecting each pair of regions. To assess and compare network topology across different subjects, the weighted connectivity matrices were binarized using a range of network densities D to ensure all subjects had the same number of edges: D min = 2% to D max = 6%, in steps of 0.2%. For densities below 2%, the number of edges was inferior to the number of nodes, corresponding to a widely disconnected network. For D above 6%, the number of edges in the network saturated. All self-connections were excluded from the analyses. Figure 1 provides an overview of the methodology we applied for building and analyzing structural networks.
Network Organization
The topology of the structural brain networks was examined using different graph theory metrics that covered aspects of integration, segregation and centrality (Rubinov and Sporns 2010) . Integration reflects the ability of the network to rapidly combine information from distributed brain regions. Examples of integration measures are the characteristic path length (Watts and Strogatz 1998) and the global efficiency (Latora and Marchiori 2001) . The characteristic path length can be calculated as the average shortest path length between all pairs of nodes in the network, whereas the global efficiency is the average inverse shortest path length. In contrast to the characteristic path length, the global efficiency may be meaningfully computed on disconnected networks, as paths between disconnected nodes are defined to have infinite length and zero efficiency (Rubinov and Sporns 2010) .
Segregation is the ability for specialized processing to occur within densely interconnected groups of regions. Examples of segregation measures are the mean clustering coefficient (Watts and Strogatz 1998) and the modularity (Newman 2004) . The clustering coefficient quantifies the number of connections between the direct neighbors of a node as a proportion of the maximum number of possible connections. This measure reflects how well the nodes are connected to nearby regions forming clusters. The modularity describes the presence of densely interconnected groups of regions. It divides the network into modules with a maximal number of within-module connections, and a minimal number of between-module connections.
Centrality describes the relative importance of the nodes in a network. For instance, it assesses whether a node interacts with many regions, improves functional integration or plays a crucial role in network resilience. An example of a centrality measure is the nodal degree, which is equivalent to the number of connections a node has with other regions in the network (Rubinov and Sporns 2010) . The graph theory analyses were carried out using BRAPH (Brain analysis using grAPH theory; http://braph.org/; Mijalkov et al. 2017) .
Statistical Analyses
Differences between groups in demographic and clinical variables were analyzed using an analysis of variance (ANOVA) or Chi-squared (X 2 ) tests for continuous or categorical variables, respectively, in SPSS 24.0 (IBM Corp., Armonk, NY). To investigate the relationship between clinical variables and network topology, partial correlation analyses were applied using Pearson's correlation coefficient, while controlling for relevant covariates (see below). To assess differences between groups in graph metrics, we used nonparametric permutation tests (Bassett et al. 2008; He et al. 2008) . We first calculated the difference of the mean values of the network metrics between every pair of groups at each network density. Then, we obtained an empirical distribution of the difference by randomly assigning all the values into 2 groups and recalculating the mean differences between the 2 randomized groups (1000 permutations). The 95% confidence interval (CI) of the resulting distribution was used as a critical value for a 2-tailed test of the null hypothesis at P < 0.05. For the nodal graph metrics, a false discovery rate (FDR) correction (Benjamini and Hochberg 1995) was applied across the 82 brain regions to control for multiple comparisons.
To estimate the effect size of the differences in network measures between groups, we calculated the Cohen's d by dividing the mean difference between groups by the pooled standard deviation (Cohen 1977 ).
To identify the specific pairs of regions showing abnormal structural connectivity, we applied a network-based statistic approach (Zalesky et al. 2010a) . A general linear model was built to test for differences between unpaired groups. For each structural connection, a test statistic was calculated at a threshold of T = 2.3, while controlling for multiple comparisons using family-wise error (FWE) rate (P < 0.05) with 1000 permutations. This produced a set of suprathesholded connections or anatomical networks showing significant differences between groups in structural connectivity.
To assess changes in each network measure after 2 years, we applied a repeated-measures ANOVA with 1 between-subject factor (group) and 2 within-subject factors: time (baseline, 2 years) and network density (from 2% to 6%). In all analyses, we controlled for the effects of age and gender. In addition, the time interval between baseline and follow-up was included as an additional covariate in the repeated-measures ANOVA analyses. Education was included as an additional covariate in the correlations with cognitive performance.
Results
Cohort
The cohort consisted of 357 cognitively healthy participants (Table 1) , who were classified into different groups based on amyloid (A) and neurodegeneration (N) biomarkers. Hence, 171 individuals were classified as CN A−N−, 43 individuals as CN A +N−, 86 as CN A−N+, and 57 as CN A+N+. As expected, we found a higher prevalence of the APOE e4 allele and higher P-tau and T-tau levels in the groups with amyloid pathology (P < 0.05). Compared to the CN A−N− cases, the CN A−N+ and CN A+N+ subjects presented worse scores in memory function (ADAS-cog, 10-word list delayed recall) and cognitive speed and attention (AQT Color, AQT Form) (P < 0.05).
Network Integration
There were significant increases in the characteristic path length in CN A−N+ and CN A+N+ when compared to CN A−N− ( Fig. 2A; Supplementary Table 3 ). These increases were observed at several network densities (D) in CN A−N+ (D = 2.8-6.0%, effect size = 0.42-0.82) and CN A+N+ (D = 2.6-6.0%, effect size = 0.44-1.02), after controlling for age and gender. The global efficiency was also significantly decreased in the were found when the networks were built using the AAL atlas (Supplementary Table 4 ).
Network Segregation
We found significant increases in the mean clustering coefficient in the whole-brain network in CN A−N+ (D = 2.0-2.6%, effect size = 0.35-0.37) and CN A+N+ (D = 2.0%, 2.4-2.6%, 3.0-4.2%, 5.4%, effect size = 0.32-0.46) compared to CN A−N− ( Fig. 2C; Supplementary Table 3 ). These increases in the mean clustering were paralleled by significant increases in modularity in CN A−N+ (2.0-6.0%, effect size = 0.42-0.66) and CN A+N+ (2.0-6.0%, effect size = 0.44-1.18) subjects ( Fig. 2D ; Supplementary Table 3 ). In CN A+N− subjects there were no significant differences in the mean clustering or modularity with respect to CN A−N−. Similar results were found when the networks were built using the AAL atlas (Supplementary Table 4 ).
Network Centrality
The analyses of the nodal degree showed significant differences in the number of connections in CN A−N+ when compared to CN A−N− ( Fig. 3A ; Table 2 ). The decreases were observed in the left precentral gyrus (P = 0.001, effect size = 0.41) and left superior parietal gyrus (P = 0.003, effect size = 0.40), whereas the increases were observed in the bilateral amygdalae (left: P < 0.001, effect size = 0.72; right: P = 0.003, effect size = 0.53) and right caudate (P < 0.001, effect size = 0.54) (Fig. 3A) , after correcting for multiple comparisons (FDR, q < 0.05). There were also significant differences in the number of connections in CN A+N+ with respect to CN A−N− ( Fig. 3B ; Table 2 ). The decreases were found in the bilateral istmus cingulate (left: P = 0.001, effect size = 0.58; right: P = 0.005, effect size = 0.50), bilateral precuneus (left: P = 0.002, effect size = 0.60; right: P = 0.001, effect size = 0.59), left frontal pole (P = 0.001, effect size = 0.44) and right precentral gyrus (P = 0.005, effect size = 0.02), whereas the increases were found in the left amygdala (P = 0.001, effect size = 0.53) and left rostral anterior cingulate (P = 0.005, effect size = 0.44).
No significant differences were found in CN A+N− compared to the CN A+N+ group.
Structural Connectivity
We identified reductions in structural connectivity or FA integrity between cortical and subcortical areas in CN A−N+ and CN A+N+, after controlling for age and gender. There was a . Further details on these differences can be found in Table 2 . progressive increase in the number of connections showing lower connectivity from CN A−N+ (7 connections) to CN A+N+ (27 connections) with respect to CN A−N−. No significant connectivity abnormalities were observed in the group with amyloid pathology alone. Using the modular architecture of CN A−N− as a reference (Fig. 4A) , we found that the network showing decreased connectivity in CN A−N+ (P < 0.005) included 8 regions from both the anterior and posterior modules. These decreases were observed mainly between motor and parietal areas in addition to a few frontal and temporal regions ( Fig. 4B; Table 3 ).
In CN A+N+ subjects, the connectivity reductions became more widespread and affected regions in the anterior and posterior network modules mostly from the left hemisphere (P < 0.001). These decreases were observed in 24 brain areas and affected mainly the within-hemispheric connections ( Fig. 4C ; Table 3 ).
Clinical Correlations with Network Measures
We observed a significant correlation between memory scores (ADAS-cog, 10-word list delayed recall) and global efficiency in the CN A+N+ group (r = −0.334, P = 0.016), while controlling for age, gender and education. We also found a correlation between memory and the integrity of the connections showing reduced structural connectivity in the NBS analysis in CN A+N+ individuals (r = −0.285, P = 0.041). No correlations with cognition were found in the other groups, after adjusting for covariates.
Network Changes After 2 Years
A subsample of the cohort included in the current study was scanned a second time after 2 years. This subsample included 100 CN A−N− (2.5 ± 0.7 years), 26 CN A+N− (2.5 ± 0.6 years), 54 CN A−N+ (2.3 ± 0.5 years), and 34 CN A+N+ (2.1 ± 0.4 years) subjects.
After controlling for age, gender, and time between the first and second DTI scans, we only observed significant differences in the global efficiency (F = 9.308, P = 0.003) in CN A−N+ compared to CN A−N− subjects at follow-up. In contrast, there were significant differences in all network measures in CN A+N+ compared to CN A−N−, including the characteristic path length (F = 11.973, P = 0.001), global efficiency (F = 8.521, P = 0.004), clustering coefficient (F = 5.396, P = 0.022) and modularity (F = 16.836, P < 0.001) at follow-up. No significant network changes were found in CN A+N− compared to CN A−N− after 2 years.
Discussion
In this study we examined the relationship between amyloid and neurodegeneration biomarkers with structural network topology in cognitively normal individuals. Our findings revealed a less efficient network organization in CN A−N+ and CN A+N+ subjects, characterized by longer paths between distant brain areas and abnormal increases in connectivity between neighboring regions. These network abnormalities were associated with memory functions and remained Regions were colored according to the module or subnetwork they belonged to using the modular architecture of CN A−N− as a reference (A). Further details on these differences can be found in Table 3. significant in the CN A+N+ group after 2 years. The presence of amyloid pathology alone had limited or no impact on structural network topology. Our results suggest that network organization is associated with neurodegeneration biomarkers but not with isolated amyloid positivity in cognitively normal individuals.
The pathological alterations that occur in AD are not confined to a single region and often spread to other brain areas through axonal pathways during disease progression. These patterns of disease propagation are constrained by the underlying structural connectome, which can provide an important insight into how network topology shapes neural response to early damage (Seeley et al. 2009; Raj et al., 2015) . According to the preclinical staging model of AD, biomarkers of amyloid deposition are followed by biomarkers of gray matter neurodegeneration ). However, the positioning of biomarkers of white matter topology relative to amyloid burden and gray matter neurodegeneration is currently unknown (Kantarci et al. 2014) . Our findings suggest that white matter disruption is more closely associated with neurodegeneration biomarkers in normal elderly individuals. In addition, they also suggest that, when both amyloid and neurodegeneration biomarkers are abnormal, there is a greater loss of structural connectivity at baseline and greater network alterations after 2 years. Below, we discuss these results in detail.
Regarding global network topology, in this study we found widespread changes in integration measures in CN A−N+ and CN A+N+ individuals. These changes consisted of a longer characteristic path length and reduced global efficiency. A short path length ensures a rapid transfer of information between remote brain regions (Sporns and Zwi 2004) . Hence, the path length increases we found in this study could indicate a disruption of the long-distance connections in the brain, which led to decreases in communication efficiency. Previous studies combining graph theory with DTI (Lo et al. 2010) , structural MRI (He et al. 2008; Yao et al. 2010; Pereira et al. 2016) , functional MRI (Zhao et al. 2012 ) and electroencephalogram (Stam et al. 2007 ) data found similar changes in patients with AD. This suggests that the breakdown of long-distance connections is a consistent finding in this disorder. Our findings go a step further by suggesting these abnormalities are an early event that emerges during the preclinical stages of AD. In contrast to CN A−N+ and CN A+N+, we found that CN A+N− individuals presented significant increases in the global efficiency at a few network densities compared to the CN A−N− group. In a previous fMRI study, it was shown that individuals with amyloid pathology have increased brain connectivity when Tau neocortical levels are low and decreased connectivity when Tau neocortical levels are high (Schultz et al. 2017 ). These results suggest that these 2 periods of AD pathology have differential effects on connectivity, with the early amyloid pathological phase being characterized by increased connectivity (A+N−), followed by a phase of decreased connectivity in the presence of elevated Tau pathology or neurodegeneration (A+N+) (Schultz et al. 2017 ). Evidence for a preclinical hyperconnectivity phase has also been reported by Jack et al. (2013) , who found that individuals with incident amyloid pathology showed increases in brain connectivity. Hence, our findings of higher global efficiency in the CN A+N− group agree with previous studies showing increased connectivity in early amyloid pathological AD stages Schultz et al. 2017 ). This phenomenon could represent an initial network response to amyloid pathology that would allow individuals to maintain behavioral and cognitive performance until they are overwhelmed by neuronal injury (Schultz et al. 2017) .
In addition to changes in the path length and global efficiency, we also found increases in the clustering coefficient and modularity in the networks of CN A−N+ and CN A+N+ individuals. These graph measures reflect the ability of the network to process information within clusters of regions or modules (Rubinov and Sporns 2010) . The clustering reflects the presence of cliques in a network and increases with the number of connections between neighboring areas (Watts and Strogatz 1998) . The modularity assesses the extent to which a network can be divided into smaller communities of regions or modules (Newman and Girvan 2004 ) that potentially share a specific function. The fact that both of these measures were increased in CN A−N+ and CN A+N+ suggests they could be a compensatory response due to the loss of long-distance connections. For instance, if a network loses some of its long-distance 
Results were significant after applying corrections for multiple comparisons using family-wise error rate (FWE, P < 0.05).
L, left; R, right; Inf., inferior; Sup., superior; Mid., middle; Oper., opercular; Med., medial; Orb., orbital; Ant., anterior; Supp., supplemantary; G, gyrus; CN, cognitively normal; CN, controls. connections, several brain regions might become disconnected and unable to communicate efficiently with each other. Thus, these regions might increase their number of connections to immediate neighbors and form new paths for transferring information along the network. However, this increase in the amount of local connections could be an abnormal process leading to a more segregated pattern of connectivity that is less optimal for network function.
Regarding regional network topology, we found significant changes in the number of connections in the amygdala and precentral gyri in both CN A−N+ and CN A+N+ groups. The alterations we found in the amygdala could be related to the fact that CN A−N+ and CN A+N+ individuals had temporal, parahippocampal and hippocampal atrophy, which could have altered the pattern of connections in the amygdala since this structure is connected to the previous regions. The changes we found in the precentral gyri could be related to the fact that this region is responsible for connecting many areas within a brain network, being important to facilitate network communication, which becomes disrupted in the presence of neurodegeneration (van den Heuvel and Sporns 2013) . In addition to these abnormalities, CN A−N+ individuals also presented connectivity changes in the caudate and superior parietal gyrus. These brain areas have been associated with important cognitive functions, including inhibition, perception and attention (Cabeza and Nyberg, 2000) . Since CN A−N+ individuals showed worse scores on the AQT, which relies on cognitive speed, attention and inhibition, these changes in the nodal degree might partially reflect cognitive impairment in these individuals. Finally, CN A+N+ subjects also presented changes in the number of connections in the bilateral isthmus cingulate, precuneus, anterior cingulate and frontal pole. There is consisting evidence showing that the precuneus and posterior/isthmus cingulate are early sites of AD pathology and display reduced functional connectivity during preclinical and clinical AD stages (Buckner et al. 2005; . Moreover, together with other areas such as the anterior cingulate and frontal pole, they form the default-mode network, which is compromised in AD (Buckner et al. 2005; . Hence, our findings provide further support to the role of these brain regions in AD-related processes from a large-scale network perspective.
In this study, the differences we found in the characteristic path length and modularity in CN A−N+ and CN A+N+ individuals compared to the CN A−N− group showed medium to large effect sizes, suggesting that these differences were strong and could potentially be used in future studies to assess preclinical stages of AD. On the other hand, the differences in the global efficiency and clustering coefficient showed small to medium effect sizes, suggesting that despite being statistically significant, some of these differences were quite small. Of note, the cohort assessed in the current study was composed of healthy individuals without mild cognitive impairment or dementia who show early pathological signs of AD. Hence, it is natural that some of the differences found in network measures are subtle since these individuals are at the earliest disease stages. These differences might show a low effect size in the early preclinical phase of AD but then become stronger with the development of severe cognitive decline and dementia. Future studies assessing the longitudinal network changes from preclinical to clinical AD stages are needed to shed light on this issue. In the meantime we recommend the differences in global efficiency and clustering coefficient to be interpreted with caution, in light of the small effect sizes they present.
In the current study, we also identified 2 single disconnected networks in CN A−N+ and CN A+N+ individuals. In the CN A−N+ group, this network involved relatively few connections between frontal, motor, and posterior brain areas, whereas in CN A+N+ these connectivity changes were quite widespread, mainly affecting areas from the left hemisphere. Our analyses of network topology after 2 years also highlighted a distinct pattern of connectivity in these 2 groups. Specifically, CN A+N+ individuals showed significant abnormalities in all network measures, whereas CN A−N+ individuals only showed alterations in the global efficiency. Finally, no correlations were found between cognition and network topology in CN A−N+, whereas the global efficiency and structural connectivity were associated with memory in CN A+N+ subjects. Altogether, these results suggest the pattern of connectivity changes and their association with cognitive function was different in the CN A−N+ and CN A+N+ groups. These differences might be related to increasing evidence showing that clinically normal individuals with normal Aβ levels but abnormal neurodegeneration could have suspected non-Alzheimer disease pathophysiology (SNAP) (Jack et al. 2016a (Jack et al. , 2016b . It is currently unclear whether neurodegeneration in SNAP is due to agerelated and/or cerebrovascular changes, Lewy body pathology, hippocampal sclerosis or medial temporal taupathy ). In addition, it is possible that there is a mixture of different pathologies in individuals with SNAP. Some studies have shown that SNAP is associated with a lower prevalence of the APOE e4 allele (Jack et al. 2012 ) and a lower risk of developing dementia compared to CN A+N+ individuals (Vos et al. 2013; Burnham et al. 2016) . Our network analyses at follow-up provide support to the notion that CN A−N+ subjects have a lower risk of converting to dementia since network changes were only observed in the global efficiency in this group. In contrast, CN A+N+ individuals showed significant changes in all network measures after a period of 2 years in line with the higher risk they have of developing AD.
Our study has several strengths. To our knowledge, we are the first in assessing the relationship between white matter network topology and both amyloid and neurodegeneration biomarkers in cognitively healthy individuals. Only 1 study has previously assessed white matter organization in preclinical AD (Fischer et al. 2015) . However, in that study only a small group of 12 amyloid-positive subjects was included and no biomarkers of neurodegeneration were assessed, in contrast to our study. Secondly, we are not aware of other studies using a network approach to assess changes across time in SNAP and preclinical AD subjects.
Our study also has some limitations that need to be considered. For instance, although the construction of DTI networks using tractography is a well-established method for examining brain networks, sometimes streamline tractography can lead to false-positive connections. Moreover, previous studies have shown that the number of nodes used in the construction of brain networks has a large impact on network topology. For instance, in a study using fMRI, Wang et al. (2009) found that there were significant differences in multiple topological parameters between 2 brain atlases, 1 composed of 70 regions (ANIMAL) and the other of 90 regions (AAL). These differences were observed in the characteristic path length, efficiency and clustering coefficient, suggesting that different brain parcellations can lead to different network findings. In a subsequent study, Zalesky et al. (2010b) analyzed DTI networks across different scales, ranging from 100 to 4000 nodes. The authors found that network measures varied considerably as a function of spatial scale, with the small-worldness exhibiting a difference of 95% between the widely-used AAL atlas and a 4000 node random parcellation. However, in that study, they did not investigate whether this discrepancy is also observed between brain atlases built using distinct anatomical criteria. In the current study, we analyzed DTI networks using 2 different anatomical atlases. For the main analyses, we used the cortical regions provided by the Desikan atlas (Desikan et al. 2006 ) in addition to the subcortical gray matter regions provided by FreeSurfer (Fischl et al. 2002) . For the supplementary analyses, we used the 90 cortical and subcortical regions provided by the AAL atlas (Tzourio-Mazoyer et al. 2002) . The differences found in network topology between groups were consistent across these 2 atlases, with CN A−N+ and CN A+N+ subjects showing increases in the characteristic path length, clustering coefficient, and modularity in addition to decreases in the global efficiency compared to the CN A−N− group both with the FreeSurfer and AAL atlases. Our findings suggest that DTI network properties were consistent across different anatomical atlases in preclinical AD. However, it is possible that our results would not have been consistent if, similarly to the study by Zalesky et al. (2010b) , we had used a higher resolution atlas built using random parcellation criteria. Finally, another shortcoming of our study is the lack of a longer clinical follow-up for the subjects, which could have revealed which ones convert to MCI or AD. We are currently in the process of performing these clinical evaluations necessary to address this issue.
In conclusion, our study is the first showing widespread changes in white matter network topology in SNAP and preclinical AD individuals. There is increasing evidence showing that brain amyloidosis is not a benign process. Our results suggest that the amyloid effects on the white matter networks are associated with neurodegeneration, suggesting these 2 events might happen close in time in the cascade of pathological changes previously proposed for AD . In addition, our findings suggest that network topology might be a sensitive marker to brain changes occurring over time in subjects with a higher risk of developing AD, highlighting its potential clinical value.
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